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j.2013.04Abstract Chloride attack is one of the major causes of deterioration of reinforced concrete struc-
tures. In order to evaluate chloride behavior in concrete, a reasonable prediction for the diffusion
coefﬁcient of chloride ion (Dc), which governs the mechanism of chloride diffusion inside concrete,
is basically required. However, it is difﬁcult to obtain chloride diffusion coefﬁcients from experi-
ments due to time and cost limitations. This study focuses on the artiﬁcial neural network
(ANN) as an alternative approach to evaluate the chloride diffusivity of high performance concrete
(HPC). A total of 300 different data of ﬂy ash (FA) and slag (GGBFS) concrete were collected from
the literature. Two separate ANN models were developed for two types of HPC. The data used in
the ANNmodel consisted of four input parameters which include W/B ratio, cement content, FA or
GGBFS content and curing age. Output parameter is determined as diffusion coefﬁcient of chloride
ion. Back propagation (BP) algorithm was employed for the ANN training in which a Tansig func-
tion was used as the nonlinear transfer function. Through the comparison of the estimated results
from ANN models and experimental data, it was clear that ANN models give high prediction accu-
racy. In addition, the research results demonstrate that using ANN models to predict chloride dif-
fusion coefﬁcient is practical and beneﬁcial.
ª 2013 Housing and Building National Research Center. Production and hosting by Elsevier B.V.
All rights reserved.H.I. Ahmed).
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.001Introduction
Chloride diffusivity is one of the important properties of con-
crete affecting durability of reinforced concrete structures,
especially when the structure is built in a marine environment.
The ingress of chloride ions into concrete is a complicated pro-
cess which involves many different transport mechanisms. The
most dominant process is diffusion, governed by Fick’s second
law. Diffusion is the mechanism that is capable of bring-
ing chlorides to the level of the reinforcing steel, thereby
accelerating the corrosion of the rebar. Diffusion occurs when
saturated concrete is exposed to a chloride solution at normalction and hosting by Elsevier B.V. All rights reserved.
Table 1 Condition of accelerated test.
Condition Levels Cell
Electrolyte Cathode 0.5 Mole NaCl
Anode Saturated Ca(OH)2
Applied voltage (V) 30
Thickness (mm) 50
Duration time (h) 8
16 O.A. Hodhod, H.I. Ahmedpressure, a chloride concentration gradient is created between
the surface and the interior pore solution. The driving force be-
hind this process is the difference in chloride concentration.
Nonetheless, diffusion is modiﬁed by other processes. The dif-
fusion front of chloride ions is delayed by chloride binding as
the chloride ions react with the solid phases of concrete.
Through years of research, different kinds of tests have
been developed in order to evaluate chloride diffusivity of con-
crete. Many of these tests concentrate or target to investigate
one or a few transport mechanisms such as diffusion. More-
over, these tests can be divided into long-term tests such as salt
ponding test and bulk diffusion test and short-term tests such
as rapid chloride permeability test (RCPT), electrical migra-
tion test and rapid migration test.
However, each of the above mentioned tests has strengths
and weaknesses. For example, bulk diffusion test and salt
ponding test each model the actual chloride ingress well, how-
ever as long-term tests they are not suitable for use as a quality
control test during construction. Other methods, like the
RCPT, does measure not only the chloride ion, but rather all
ions in the pore solution, in addition, the RCPT has a more
nebulous relationship with what actually occurs in the con-
crete, but has the advantage of a short duration.
From the above discussion, it is clear that there is a need to
ﬁnd an alternative approach to overcome the above mentioned
limitations and weaknesses specially time consumption of
long-term tests. Also, the efﬁcacy and accuracy of this ap-
proach should be evaluated by comparing its results with
experimental data.
Recently, some researches on the neural network in data pro-
cessing are introduced in the ﬁeld of durability and they are very
efﬁcient compared with a simple regression method obtained
from experimental data. In the area of research on concrete, a
neural network technique is mainly applied to mixture design
[1,2], strength evaluation [3,4] and reaction of hydration [5,6].
In this study, the artiﬁcial neural network approach, which
is mainly utilized in mixture design and strength evaluation, is
applied for the estimation of chloride diffusion coefﬁcient of
high performance concrete considering various parameters in
mixture design.
So, the overall objective of this article was to study the pos-
sibility of using the artiﬁcial neural network as an alternative
approach to long-term tests of chloride diffusion coefﬁcient.
Experiment program for acquisition of diffusion coefﬁcient
The diffusion cell and experimental set up is provided in
ASTM C 1202 [7] and the calculation of the diffusion coefﬁ-
cient is performed by an electrical method (non-steady state
migration diffusion coefﬁcient) proposed by previous re-searches [8,9]. Silver nitrate solution (0.1 N, AgNO3) is used
as an indicator [10]. The diffusion coefﬁcient in non-steady
state conditions is calculated through Eqs. (1) and (2).
Dcpd ¼ RTL
zFU
 Xd  a
ﬃﬃﬃﬃﬃﬃ
Xd
p
t
ð1Þ
a ¼ 2
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
RTL
zFU
r
 erf1 1 2Cd
Co
 
ð2Þ
where Dcpd is diffusion coefﬁcient in non-steady state condi-
tion from RCPT (m2/s), R is universal gas constant (8.314 J/
mol K), T is absolute temperature (K), L is thickness of spec-
imen (m), z is ionic valence (=1.0), F is Faraday constant
(=96,500 J/V mol), U is applied potential (V), t is test duration
time (s), Cd is the chloride concentration at which the color
changes when using a colorimetric method to measure xd
based on the reference [8,10], C0 is chloride concentration in
the upstream solution (mol/l), a is an experimental constant,
erf1 is the inverse function of the error function. According
to the previous research [8], erf1 (1(2Cd/C0)) is calculated
as 0.764 and zFU/RTL is 23,600 (m1).
The condition of the accelerated test is summarized in Ta-
bles 1 where, the types of electrolyte are selected according
to the previous work [9]. The chemical analysis and physical
properties of OPC, FA and GGBFS are listed in Table 2. Also,
the experimental data used for modeling the artiﬁcial neural
networks are listed in Table 3.
Estimation of diffusion coefﬁcient with neural network algorithm
Background of neural network
An overview study on neural network algorithms is provided
by McCulloch and Pitt [11]. A neuron as a unit with a process
of stimulus and reaction is generalized in this system. The
training for learning a set of data is performed with weight
(connection strength), transfer function, and biases. The error
between calculated results and expected results is decreased
with increasing epochs and training for learning is ﬁnished
within a target convergence.
In this study, a back-propagation algorithm is used for the
neural network. Fig. 1 shows an outline of a simple neural net-
work architecture [12]. In this network, each element of input
value is connected to each neuron input through the weight
matrix.
Neurons (Nj) and activated values (Hj) in the hidden layer
are formulated as Eqs. (3) and (4).
Nj ¼
X
WjiIi ð3Þ
Developing an artiﬁcial neural network model to evaluate chloride diffusivity in high performance concrete 17Hj ¼ fðNj þ BjÞ ð4Þ
where Ii is input value, Wji is the weight or the connection
strength, f is the transfer function, Bj is bias. Activated value
(Ok) can be written as Eq. (5).
Ok ¼ f
X
WkjHj þ Bk
 
ð5Þ
In the back-propagation algorithm, error (E) is formulated as
Eq. (6) concerning target value (Tk).
E ¼ 1
2
X
k¼1
Ok  Tk
 !2
ð6Þ
To minimize this error, weights or connection strength are
modiﬁed backward from neurons in output layer and the
weights are modiﬁed as per Eqs. (7) and (8), respectivelyTable 2 The chemical analysis and physical properties of OPC, FA
Type SiO2 Al2O3 Fe2O3 CaO
OPC 21.96 5.27 3.44 63.4
GGBFS 32.74 13.23 0.41 44.1
FA 55.66 27.76 7.04 2.70
Table 3 Experimental data used for modeling the ANNs.
Mix code OPC (%) FA (%) GGBS (%) W/B r
1 90 10 0 37
2 90 10 0 42
3 90 10 0 47
4 80 20 0 37
5 80 20 0 42
6 80 20 0 47
7 70 30 0 37
8 70 30 0 42
9 70 30 0 47
10 70 0 30 37
11 70 0 30 42
12 70 0 30 47
13 50 0 50 37
14 50 0 50 42
15 50 0 50 47
Fig. 1 Outline of simple neuDWkj ¼ gdkHj;DBk ¼ gdk; dk ¼ ðTk OkÞf0ðNkÞ ð7Þ
DWji ¼ gdjHi;DBj ¼ gdj; dj ¼ ðWjkdkÞf0ðNjÞ ð8Þ
where dj and dk are gradients of the total error, and g is the
learning rate.
After the ﬁnishing modiﬁcation, the neural network algo-
rithm repeats the calculation and modiﬁcation process until er-
ror decreases within the target convergence. Each input and
output value has boundary limits from 0.0 to 1.0 so it is neces-
sary to perform data processing. Data processing for input and
output is described as Eq. (9).Pn ¼ Pactual
Pmax
ð9Þand GGBFS.
MgO SO3 L.O.I Blaine (cm
2/g)
1 2.13 1.96 0.79 3.21
4 5.62 1.84 0.20 4.34
1.14 0.49 4.30 3.62
atio (%) Dc · 1011 m2/s
28 days 91 days 180 days 270 days
1.4 0.91 0.77 0.63
1.5 1 0.94 0.76
1.7 1.2 1.1 1
1.3 0.66 0.57 0.45
1.6 1 0.69 0.58
1.9 1.1 0.93 0.7
1.3 0.72 0.5 0.47
1.6 0.81 0.54 0.52
2.2 0.95 0.74 0.62
0.93 0.71 0.67 0.43
1.1 0.76 0.76 0.54
1.2 0.84 0.8 0.64
0.63 0.37 0.25 0.24
0.86 0.53 0.47 0.32
1.1 0.72 0.65 0.43
ral network architecture.
(a) 30% GGBFS and 0.37W/B (b) 30% GGBFS and 0.42 W/B 
(c) 30% GGBFS and 0.47 W/B (d) 50% GGBFS and 0.37 W/B 
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(e) 50% GGBFS and 0.42 W/B (f) 50% GGBFS and 0.47 W/B 
Fig. 2 Effect of curing age on chloride diffusion coefﬁcient of GGBFS concretes.
18 O.A. Hodhod, H.I. Ahmedwhere Pn is input value for training of learning, Pacutal is ac-
tual input data, Pmax is the maximum value of a set of input
data.
In this study, two ANN models will be created to estimate
the chloride diffusion coefﬁcient of both FA and GGBFS con-
crete. For the network of FA concrete, four input values are
set up as neurons involving W/B ratio, OPC content, FA con-
tent and duration time in submerged condition. Another four
input values involving W/B ratio, OPC content, GGBFS con-
tent and duration time in submerged condition are set up as
neurons in the network of GGBFS concrete. Output value is
determined as diffusion coefﬁcient of chloride ion. In data pro-
cessing, Pmax will be equal to 270 and 2.2 · 1011 (m2/s) for in-
put and output values respectively. Back propagation (BP)
algorithm was employed for the ANN training in which a Tan-
sig function was used as the nonlinear transfer function and
the sum of the mean squared error (SMSE) in the output layer
as the convergence criteria.Results and discussion
GGBFS concrete
Effect of curing time
The results of chloride diffusion coefﬁcient predicted by the
ANN model and those obtained from experimental data for
the different GGBFS concretes made with various W/B ratios
(0.37, 0.42 and 0.47) and various contents of GGBFS (30%
and 50% by weight of OPC) and cured for different ages
(28, 91, 180 and 270 days) are illustrated in Fig. 2(a–f). It is
generally apparent from the results obtained from both
ANN model and experimental data that the value of chloride
diffusion coefﬁcient is reduced with increasing the curing age.
Moreover, it was generally found that there was a high cor-
relation between the experimental chloride diffusion coefﬁcient
and the corresponding chloride diffusion coefﬁcient predicted
by the ANN model. In addition, Fig. 2d shows that the value
(a) 30% GGBFS -  28 days (b) 30% GGBFS – 91 days 
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Fig. 3 Effect of W/B ratio on chloride diffusion coefﬁcient of GGBFS concretes.
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obtained from the experiment is greater than that of 28 day
GGBFS concrete which is illogical, this error may be attrib-
uted to various parameters in the experimental program that
affect results. However, the ANN model has successfully over-
come such shortage where, the value of the chloride diffusion
coefﬁcient of 91 day GGBFS concrete predicted by the ANN
model is smaller than that of 28 day GGBFS concrete.
Effect of W/B ratio
The results of chloride diffusion coefﬁcient obtained from the
ANN model and experimental data for different GGBFS con-
cretes made with various W/B ratios (0.37, 0.42 and 0.47) and
constant content of GGBFS (30%byweight of OPC) and cured
for different ages (28, 91, 180 and 270 days) are shown in
Fig. 3(a–d). Generally, the results obtained from both ANN
model and experimental data indicate that the value of chloride
diffusion coefﬁcient increases with increasing W/B ratios.
Moreover, it was generally found that there was a high cor-
relation between the experimental chloride diffusion coefﬁcient
and the corresponding chloride diffusion coefﬁcient predicted
by the ANN model.
FA concrete
Effect of curing time
The results of chloride diffusion coefﬁcient obtained from the
ANN model and experimental data for different FA concrete
mixes made with various W/B ratios (0.37, 0.42 and 0.47)and various contents of FA (10, 20 and 30% by weight of
OPC) and cured for different ages (28, 91, 180 and 270 days)
are shown in Fig. 4(a–h). It is apparent from the results ob-
tained from both ANN model and experimental data that
the value of chloride diffusion coefﬁcient of all FA concrete
mixes is reduced with increasing the curing age.
In addition, Fig. 3b shows that the established ANN model
has good ‘‘memory’’ and the trained matrices of intercon-
nected weights and bias (‘‘building blocks’’ of the neural net-
work) reﬂected the hidden functional relationships well.
Also, it can be seen that, the prediction by the ANN model
gives very close estimates of chloride diffusion coefﬁcients of
FA concrete mixes which help in successfully learning the com-
plex relationship between input and output parameters.Effect of W/B ratio
The results of chloride diffusion coefﬁcient obtained from the
ANN model and experimental data for different FA concrete
mixes made with various W/B ratios (0.37, 0.42 and 0.47)
and constant content of FA (10% by weight of OPC) and
cured for different ages (28, 91, 180 and 270 days) are shown
in Fig. 5(a–d). The results obtained from both ANN model
and experimental data indicate that the value of chloride diffu-
sion coefﬁcient increases with increasing W/B ratios.
In addition, it can be seen that, the prediction by ANNmod-
el gives very close estimates of chloride diffusion coefﬁcients of
FA concrete mixes which help in successfully learning the com-
plex relationship between input and output parameters.
(a) 10% FA and 0.37 W/B  (b) 10% FA and 0.42 W/B 
(c) 10% FA and 0.47 W/B  (d) 20% FA and 0.37 W/B 
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Fig. 4 Effect of curing age on chloride diffusion coefﬁcient of FA concretes.
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(a) 10% FA and 28 days   (b) 10% FA and 91 days 
(c) 10% FA and 180 days  (d) 10% FA and 270 days 
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Fig. 5 Effect of W/B ratio on chloride diffusion coefﬁcient of FA concretes.
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1. Comparison between experimental data and ANN
model predictions has proven that the developed
ANN models have efﬁciently characterized the chloride
diffusivity of high performance concrete. Therefore, the
developed ANN model can be used as an alternative
approach to evaluate the chloride diffusivity.
2. The results indicated that the methodology described
using Backpropagation Artiﬁcial Network is a useful,
powerful tool not only for accurately predicting chlo-
ride diffusivity, but also to identifying correlations
between output and inputs. However it is necessary
to mention that the accuracy of the neural network
highly depends on the accuracy of the database. A sig-
niﬁcant amount of inaccurate data may lead to inap-
propriate and unreliable results.
3. ANN models overcame the drawback of testing time;
making it a powerful, rapid, low cost alternative to
evaluate the chloride diffusivity of high performance
concrete with a considerably reliable level of accuracy.
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